We propose using five data-driven community detection approaches from social networks to partition the label space for the task of multi-label classification as an alternative to random partitioning into equal subsets as performed by RAkELd: modularity-maximizing fastgreedy and leading eigenvector, infomap, walktrap and label propagation algorithms. We construct a label co-occurence graph (both weighted an unweighted versions) based on training data and perform community detection to partition the label set. We include Binary Relevance and Label Powerset classification methods for comparison. We use gini-index based Decision Trees as the base classifier. We compare educated approaches to label space divisions against random baselines on 12 benchmark data sets over five evaluation measures. We show that in almost all cases seven educated guess approaches are more likely to outperform RAkELd than otherwise in all measures, but Hamming Loss. We show that fastgreedy and walktrap community detection methods on weighted label co-occurence graphs are 85-92% more likely to yield better F1 scores than random partitioning. Infomap on the unweighted label co-occurence graphs is on average 90% of the times better than random paritioning in terms of Subset Accuracy and 89% when it comes to Jaccard similarity. Weighted fastgreedy is better on average than RAkELd when it comes to Hamming Loss.
Introduction
Shanon's work on the unpredictability of information content inspired a search for the area of multi-label classification that requires more insight -where has the field still been using random approaches to handling data uncertainty when non-random methods could shed the light and provide the ability to make better predictions?
Interestingly enough, random methods are prevalent in well-cited, and multi-label classification approaches, especially in the problem of label space partitioning, which is a core issue in the problem-transformation approach to multi-label classification.
A great family of multi-label classification methods, called problem transformation approaches, depends on converting an instance of a multi-label classification problem to one or more single-label single-class or multi-class classification problems, perform such classification and then convert the results back to multi-label classification results.
Such a situation stems from the fact that historically, the field of classification started out with solving single-label classification problems. In general a classification problem of understanding the relationship (function) between a set of objects and a set of categories that should be assigned to it. If the object is allocated to at most one category, the problem is called a single-label classification.
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When multiple assignments per instance are allowed, we are dealing with a multi-label classification scenario.
In the single label scenario, in one variant we deal with a case when there is only one category, i.e. the problem is a binary choice -whether to assign a category or not, such a scenario is called single-class classification, ex. the case of classifying whether there is a car in the picture or not. The other case is when we have to choose at most one from many possible classes -such a case is called multi-class classification -i.e. classifying a picture with the dominant brand of cars present in it. The multi-label variant of this example would concern classifying a picture with all car brands present in it.
As both single-and multi-class classification problems have been considerably researched during the last decades. One can naturally see, that it is reasonable to transform the multi-label classification case, by dividing the label space, to a single-or a multi-class scenario. A great introduction to the field was written by [1] .
The two basic approaches to such transformation are Binary Relevance and Laber Powerset. Binary Relevance takes an a priori assumption that the label space is entirely separable, thus converting the multi-label problem to a family of single-class problems, one for every label -and making a decision -whether to apply it or not. Converting the results back to multi-label classification is based just on taking a union of all assigned labels. Regarding our example -binary relevance assumes that correlations between car brands are not important enough and discards them a priori by classifying with each brand separately.
Label Powerset makes an opposite a priori assumption -the label space is non-divisible label-wise, and each possible label combination becomes a unique class. Such an approach yields a multi-class classification problem on a set of classes equal to the power set of the label set, i.e. growing exponentially if one treats all label combinations as possible. In practice, this would be intractable. Thus, as [2] note, Label Powerset is most commonly implement to handle only these combinations of classes that occur in the training set -and as such is prone to both overfitting. It is also -per [3] -prone to differences in label combination distributions between the training set and the test set as well as to an imbalance in how label combinations are distributed in general.
To remedy the overfitting of Label Powerset, Tsoumakas et. al. [3] proposes to divide the label space into smaller subspaces and use Label Powerset in these subspaces. The source of proposed improvements come from the fact that it should be easier for Label Powerset to handle a large number of label space combinations in a smaller space. Two proposed approaches are called random k-labelsets (RAkEL ). RAkEL comes in two variants -a label space partitioning RAkELd which divides the label set into k disjoint subsets and RAkELo which is a sampling approach that allows overlapping of label subspaces. In our example, RAkEL would randomly select a subset of brands and use the label powerset approach for brand combinations in all of the subspaces.
While these methods were developed, we saw advances in other fields brought us more and more tools to explore relations between entities in data. Social and complex networks have been flourishing after most of the well-established methods were published. In this paper, we propose a data-driven approach for label space partitioning in multi-label classification. While we tackle the problem of classification, our goal is to spark a reflection on how data-driven approaches to machine learning using new methods from complex/social networks can improve established procedures. We show that this direction is worth pursuing, by comparing method-driven and data-driven approaches towards partitioning the label space.
Why should one rely on label space division at random? Should not a data-driven approach be better than random choice? Are methods that perform simplistic a priori assumptions truly worse than the random approach? What are the variances of result quality upon label space partitioning? Instead of selecting random subspaces of brands, we could consider that some city brands occur more often with each other, and less so with other suburban brands. Based on such a premise we could build a weighted graph depicting the frequency of how often two-brands occur together in photos. Then using well-established community detection methods on this graph, we could provide a data-driven partition for the label space.
In this paper, we wish to follow Shanon's ambition to search for a data driven solution, an approach of finding structure instead of accepting uncertainty. We run RAkELd on 12 benchmark data sets, with up different values of parameter k -taking k equal to 10%, 20%, . . . , 90% of the label set size. We draw 250 distinct partitions of the label set into subsets of k labels, per every value of k. In case there are less than 250 possible partitions of the label space (for ex. because there are less than 10 labels), we consider all possible partitions. We then compare these results against the performance of methods based both on a priori assumptions -Binary Relevance and Label Powerset -and also well-established community detection methods employed in social and complex network analysis to detect patterns in the label space. For each of the measures we state three hypotheses:
RQ1: a data-driven approach performs statistically better than the average random baseline RQ2: a data-driven approach are more likely to outperform RAkELd than methods based on a priori assumptions RQ3: a data-driven approach has a higher likelihood to outperform RAkELd in the worst case than methods based on a priori assumptions RQ4: a data-driven approach is more likely to perform better than RAkELd , than otherwise, i.e. the worst-case likelihood is greater than 0.5
We describe used methods in Section 3 and compare the results of the likelihood of an data-driven approach being better than randomness in Section 6. We provide technical detail of the experimental scenario in Section 5. We conclude with main findings of the paper and future work in section 7.
Related work
Our study builds on two kinds of approaches to multi-label classification: problem transformation and ensemble. We extend the Label Powerset problem transformation method by employing an ensemble of classifiers to classify obtained partitions of the label space separately. We show that partitioning the label space randomly -as is done in the RAkEL approach -can be improved by using a variety of methods to infer the structure of partitions from the training. We extend the original evaluation of random k-labelsets performance using a larger sampling of the label space and providing deeper insight into how RAkELd performs. We also provide some insights into the nature of random label space partitioning in RAkELd.Finally we provide alternatives to random label space partitioning that are very likely to yield better results than RAkELd depending on the selected measure, and we show which methods to use depending on the generalization strategy.
Classifier chains [4] approach to label space partitioning is based on a bayesian conditioning scheme, in which labels are ordered in a chain and then the n-th classification is performed taking into account the output of the last n-1 classifications. These methods suffer from a variety of challenges: the results are not stable when ordering of labels in the chain changes and finding the optimal chain is NP-hard. Existing methods that optimize towards best quality cannot handle more than 15 labels in a data set (ex. Bayes-Optimal PCC [5] ). Also in every classifier chain approach one always needs to train at least the same number of classifiers as there are labels, and if ensemble approaches are applied -much more. In our approach we use community detection methods to divide the label space into a fewer number of cases to classify as multi-class problems, instead of transforming to a large number of single-class problems that are interdependent. We also do not strive to find the directly optimal solution to community detection problems on the label co-occurence graph, to avoid overfitting -instead we perform approximations of the optimal solutions. This approach provides a large overhead over random approaches. We note that it would be an interesting question whether the random orderings in classifier chains are as suboptimal of a solution, as random partitioning turns out to be in label space partitioning. Yet it is not a subject of the study and is open to further research. Tsoumakas et. al.'s [6] HOMER is a method of 2-step hierarchical multi-label classification in which the label space is divided based on label assignment vectors and then observations are classified first with cluster metalabels, and finally for each cluster they were labeled with, they are classified with labels of that cluster. We do not compare to HOMER directly in this article, due to a different nature of the classification scheme, as the subject of this study is to evaluate how data-driven label space partititioning using complex/social network methods -which can be seen as weak classifiers (as all objects are assigned automatically to all subsets) -can improve the random partitioning multi-label classification. HOMER uses a strong classifier to decide which object should be classified in which subspace. Although we do not compare directly to HOMER, due to difference in the classification scheme and base classifier, our research shows similarities to Tsoumakas's result that abandoning random label space partitioning for k-means based educaed guess improves classification results. Thus our results are in accord, yet we provide a much wider study as we have performed a much larger sampling of the random space then the authors of HOMER in their method describing paper.
Madjarov et. al. [7] compare performance of a 12 of multi-label classifiers on 11 benchmark sets evaluated by 16 measures. To provide statistical support they use a Friedman multiple comparison procedure with a post-hoc Nemenyi test. They include the RAkELo procedure in their study, i.e. the random label subsetting instead of partitioning. They do not evaluate the partitioning strategy RAkELd -which is the main subject of this study. Our main contribution -the study of how RAkELd performs against more informed approaches, therefore fills the unexplored space of Madjarov's et. al.'s extensive comparison. Note that, due to computational limits, we use CART decision trees instead of SVM as single-label base classifier, as explained in 5.2.
Zhang et. al. [8] review theoretical aspects and reported experimental performance of 8 multi-label algorithms and categorize them by the order of correlations taken into account and evaluation measure that they try to optimize. We follow the idea of their review table in Table 6 with entries related to data-driven approaches for label space partitioning under a flat classification scheme.
Multi-label classification
In this section we aim to provide a more rigid description of methods we use in the experimental scenario. We start by formalizing the notion of classification. Classification aims to understand a phenomenon, a relationship (function f : X → Y) between objects and categories, by generalizing from empirically collected data D:
• objects are represented as feature vectorsx from the input space X • categories, i.e. labels or classes come from a set L and it spans the output space Y:
-in case of single-label single-class classification |L| = 1 and Y = 0, 1 -in case of single-label multi-class classification |L| > 1 and
In practice the empirical evidence D is split into two groups: the training set for learning the classifier and the test set to use for evaluating the quality of classifier performance. For the purpose of this section we will denote D train as the training set.
The goal of classification is to learn a classifier h : X → Y such that h generalizes D train in a way that maximizes q.
We are focusing on problem-transformation approaches that perform multi-label classification by transforming it to a single-label classification and convert the results back to the multi-label case. In this paper we use CART decision tress as the single-label base classifier. CART decision trees are a single-label classification method capable of both single-and multi-class classification. A decision tree constructs a binary tree in which every node performs a split based on the value of a chosen feature X i from the feature space X. For every feature, a threshold is found that minimizes an impurity function calculated for a threshold on the data available in the current node's subtree. For the selected pair of a feature X i and a threshold θ a new split is performed in the current node. Objects with values of the feature lesser than θ are evaluated in the left subtree of the node, while the rest in the right. The process is repeated recursively for every new node in the binary tree until the depth limit selected for the method is reached or there is just one observation left to evaluate. In all our scenarios we use CART as the base single-label single-and multi-class base classifier.
Binary Relevance learns |L| single-label single-class base classifiers b j : X → {0, 1} for each L j ∈ L and outputs the multi-label classification using a classifier h(
Label Powerset constructs a bijection l p : 2 L → C between each subset of labels L i and a class C i . Label Powerset then learns a single-label multi-class base classifier b : X → C and transforms its output to a multi-label classification result l p −1 (b(x)).
RAkELd performs a random partition of the label set L into k subsets L j | k 1 . For each L j a Label Powerset classifier b j : X → L j is learned. For a given input vectorx the RAkELd classifier h performs multi-label classification with each b j classifier and then sums the results, which can be formally described as h(x) = k j=0 b j (x). Following the RAkELd scenario from [3] all partitions of the set L into k subsets are equally probable.
The data-driven approach
Having described the baseline random scenario of RAkELd we now turn to explaining how complex/social network community detection methods fit into a data-driven perspective for label space division. In this scenario we are transforming the problem exactly like RAkELd, but instead of performing random space partitioning we construct a label co-occurence graph from the training data and perform community detection on this graph to obtain a label space division.
Label co-occurrence graph
We construct the label co-occurrence graph as follows. We start with and undirected co-occurrence graph G with the label set L as the vertex set and the set of edges constructed from all pairs of labels that were assigned together at least once to an input objectx in the training set (here l i,j,.. denote labels, i.e. elements of the set L):
One can also extend this unweighted graph G to a weighted graph by defining a function w : L → N:
Using such graph G, weighted or unweighted, we find a label space division by using one of the following community detection methods to partition the graph's vertex set which is equal to the label set.
Dividing the label space
Community detection methods are based on different principles as different fields defined communnities differently. We are employing a variety of methods Modularity-based approaches such as the fast greedy [9] and the spectral leading eigenvector algorithms are based on detecting a partition of label sets that maximizes the modularity measure by [10] . Behind this measure lies an assumption that true community structure in a network corresponds to a statistically surprising arrangement of edges [10] , i.e. that a community structure in a real phenomenon should exhibit a structure different than an average case of a random graph, which is generated under a given null model. A well-established null model is the configuration model, which joins vertices together at random, but maintains the degree distribution of vertices in the graph.
For a given partition of the label set, the modularity measure is the difference between how many edges of the empirically observed graph have both ends inside of a given community, i.e. e(C) = {(u, v) ∈ E : u ∈ C ∧ v ∈ C} versus how many edges starting in this community would end in a different one in the random case:
. More formally this is Q(C) = ∑ c∈C e(c) − r(c). In case of weights, instead of counting the number of edges the total weight of edges is used and instead of taking vertex degrees in r, the vertex strenghts are used -a precise description of weighted modularity can be found in Newman's paper [11] . FindingC = argmax C Q(C) is NP-hard as shown by Brandes et. al. [12] . We thus employ three different approximation-based techniques instead: a greedy, a multi-level hierarchical and a spectral recursively dividing algorithm.
The fast greedy approach works based greedy aggregation of communities, starting with singletons and merging the communities iteratively. In each iteration the algorithm merges two communities based on which merge achieves the highest contribution to modularity. The algorithm stops when there is no possible merge that would increase the value of the current partition's modularity. It's complexity is O(Nlog2N).
The leading eigenvector approximation method depends on calculating a modularity matrix for a split of the graph into two-communities. Such a matrix allows to rewrite the two-community definition of modularity in a matrix form which can be than maximized using the largest positive eigenvalue and signs of the corresponding elements in the eigenvector of the modularity matrix -negative ones assigned to one community, positive ones to another. The algorithm starts with all labels in one community and performs consecutive splits recursively until all elements of the eigenvector have the same sign, or the community is a singleton. The method is based on the simplest variant of spectral modularity approximation as proposed by Newman [13] . It's complexity is O(M + N 2 ).
Infomap algorithm concentrates on finding the community structure of the network with respect to flow and to exploit the inference-compression duality to do so [14] . It relies on finding a partition of the vertex set that minimizes the map equation. The map equation divides flows through the graph into intra-community ones and the between-community ones and takes into consideration and entropy-based frequency-weighted average length of codewords used to label nodes in communities and inter-communities. It's complexity is O(M).
The label propagation algorithm [15] assigns a unique tag to every vertex in the graph. Next it iteratively updates the tag of every vertex with the tag assigned to the majority of the elements neighbours. The updating order is randomly selected at each iteration. The algorithm stops when all vertices have tags that are in accord with the dominant tag in their neighbourhood. It's complexity is
The walktrap algorithm is based on the intuition that random walks on a graph tend to get "trapped" into densely connected parts corresponding to communities [16] . It starts with a set of singleton communities and agglomerates obtained communities in a greedy iterative approach based on how close two vertices are in terms of random-walk distance. More precisely each step merges two communities to maximize the decrease of the mean (averaged over vertices) of squared distances between a vertex and all the vertices that are in the vertex's community. The random walk distance between two nodes is measured as the L 2 distance between random walk probability distribution starting in each of the nodes. The distances are of the same maximum length provided as a parameter to the method. It's expected complexity is O(N 2 * log(N)).
In complexity notations N is the number of nodes and M the number of edges.
Classification scheme
In our data-driven scheme, the training phase is performed as follows:
1. the label co-occurence graph is constructed based on the training data set 2. the selected community detection algorithm is executed on the label co-occurence graph 3. for every community L i a new training data set D i is created by taking the original input space with only the label columns that are present in L i 4. for every community a classifier h i is learned on training set D i
The classification phase is performed by performing classification on all subspaces detected in the training phase and taking the union of assigned labels: h(x) = k j=0 b j (x).
Experiments and Materials
To prepare ground for results, in this section we describe which data sets we have selected for evaluation and why. Then we present and justify model selection decisions for our experimental scheme. Next we describe the configuration of our experimental environment. Finally we describe the measures used for evaluation.
Data Sets
Following Madjarov's study ( [7] ) we have selected 12 different well-cited multi-label classification benchmark data sets. The basic statistics of datasets used in experiments, such as the number of data instances, the number of attributes, the number of labels, labels' cardinality, density and the distinct number of label combinations are available online [17] . We selected the data sets to obtain a balanced representation of problems in terms of number of objects, number of labels and domains. At the moment of publishing this is one of the largest study of RAkELd both in terms of data sets examined and in terms of random label partitioning sample count. This study also has exhibits higher ratio of number of data sets to number of methods that other studies.
The text domain is represented by 5 data sets: bibtex, delicious, enron, medical, tmc2007-500. Bibtex ( [18] ) comes from the ECML/PKDD 2008 Discovery Challenge and is based on data from the Bibsonomy.org publication sharing and bookmarking website. It exemplifies the problem of assigning tags to publications represented as an input space of bibliographic metadata such as: authors, paper/book title, journal volume, etc. Delicious ( [6] ) is another user-tagged data set. It spans over 983 labels obtained by scraping the 140 most popular tags from the del.icio.us bookmarking website, retrieving the 1000 most recent bookmarks, selecting the 200 most popular, deduplication and filtering tags that were used to tag less than 10 websites. For those labels, websites tagged with them were scraped and from their contents top 500 words ranked by χ 2 method were selected as input features. Tmc2007 ( [6] ) contains an input space consisting of similarly selected top 500 words appearing in flight safety reports. The labels represent the problems being described in these reports. Enron ( [19] ) contains emails from senior Enron Corporation employees categorized into topics by the UC Berkeley Enron E-mail Analysis Project 1 with the input space being a bag of word representation of the e-mails. Medical ( [4] ) data set is Medical Natural Language Processing Challenge 2 challenge. The input space is a bag-of-words representation of patient symptom history and labels represent diseases following International Classification of Diseases.
The multimedia domain consists of five datasets scene, corel5k, mediamill, emotions and birds. The image data set scene ( [20] ) semantically indexes still scenes annotated with any of the following categories: beach, fall-foliage, field, mountain, sunset and urban. Birds data set [21] represents a problem of matching bird voice recordings extracted features features with a the subset of 19 bird species that is present in the recording, each label represents one spiecies. This data set was introduced ( [22] ) during the The 9th annual MLSP competition. A larger image set corel5k ( [23] ) containing normalized-cut segmented images clustered into 499 bins. The bins were labeled with subsets 374 labels. Mediamill data set of annotated video segments ( [24] ) was introduced during the 2005 NIST TRECVID challenge 3 . It is annotated with 101 labels referring to elements observable on the video. The emotions data set [25] represents the problem of automated detection of emotion in music, assigning a subset of music emotions based on the Tellegen-Watson-Clark model to each of the songs.
The biological domain is represented with two data sets: yeast and genbase. The yeast [26] data set concerns the problem of assigning functional classes to genes of saccharomyces cerevisiae genome. The genbase [27] data set represents the problem of assigning classes to proteins based on detected motifs that serve as input features.
Experiment design
Using 12 benchmark data sets evaluated with five performance measures we compare eight approaches to label space partitioning for multi-label classification:
• five methods that divide the label space based on structure inferred from the training data via label co-occurrence graphs -in both unweighted and weighted versions of the graphs • 2 methods that take an a priori assumption about the nature of the label space: Binary Relevance and Label Powerset • 1 random label space partitioning approach that draws partitions with equal probabilityRAkELd
In the random baseline (RAkELd) we perform 250 samplings of random label space partitions into k-label subsets for each evaluated value of k. If a data set had more than 10 labels, we took values of k ranging from 10% to 90% with a step of 10%, rounding to closest integer number if necessary. In case of two data sets with a smaller number of labels i.e. scene and emotions we evaluated RAkELd for all possible label space partitions due to their low number. The number of label space division samples per dataset can be found in Table 7 . As noone knows the true distribution of classification quality over label space partitions we've decided to use a large number of samples -250 per each of the groups, 2500 alltogether -to get as close to a representative sample of the population, as was possible with our infrastructure limitations.
As the base classifier, we use CART decision trees. While we recognize that the majority of studies prefer to use SVMs, we note that it is intractable to evaluate nearly 32500 samples of the random label space partitions using SVMs. We have thus decided to use a classifier that presents a reasonable trade-off between quality and computational speed.
We perform statistical evaluation of our approaches by comparing them to average performance of the random baseline of RAkELd.We average RAkELd results per data set, which is justified by the fact that, this is the expected result one would get without performing extensive parameter optimization. Following Derrac et. al.'s [28] de facto standard modus operandi we use Friedman test with Iman-Davenport modifications to detect differences between methods and we check whether a given method is statistically better than the average random baseline using Rom's post-hoc pairwise test. We use these tests' results to confirm or reject RH1.
We do not perform statistical evaluation per group (i.e. isolating each value of k from 10% to 90%) due to lack of non-parametric repeated measure tests as noted by Demsar in the classic paper [29] .
Instead to account for variation, we consider the probability that a given data-driven approach to label space division is better than random partitioning. These probabilities were calculated per data set, as the fraction of random outputs that yielded worse results than a given method. Thus for example if infomap has 96.5% probability of having higher better Subset Accuracy (SA) than the random approach in Corel5k, this means that on this data set infomap's SA score was better than scores achieved by 96.5% of all RAkELd experiments. We check the median, the mean, and the minimal (i.e. worst case) likelihoods. We use these results to confirm or reject RH2, RH3 and RH4.
Environment
We used scikit-multilearn [30] -version 0.0.1-a scikit-learn API compatible library for multi-label classification in python that provides own implementation of several classifiers and uses scikit-learn [31] multi-class classification methods. All of the data sets come from MULAN [32] data set library [17] and follow MULAN's division into the train and test subsets.
We use CART decision trees from the scikit-learn package -version 0.15 -with the Gini index as the impurity function. We employ community detection methods from the Python version of the igraph library [33] for both weighted and unweighted graphs. Performance measures' implementation comes from the scikit-learn metrics package.
Evaluation Methods
Following Madjarov et. al.'s [7] taxonomy of multi-label classification evaluation measures we use three example-based measures: hamming loss, subset accuracy and Jaccard similarity and a label-based measure -F1 as evaluated by two averaging schemes: micro and macro. In all following definitions:
• X is the set of objects used in the testing scenario for evaluation • L is the set of labels that spans the output space Y •x denotes an example object undergoing classification • h(x) denotes the label set assigned to objectx by the evaluated classifier h • y denotes the set of true labels for the observationx • tp j , f p j , f n j , tn j are respectively true positives, false positives, false negatives and true negatives of the of label L j , counted per label over the output of classifier h on the set of testing objects x ∈ X, i.e. h(X) • the operator [[p] ] converts logical value to a number, i.e. it yields 1 if p is true and 0 if p is false
Example-based evaluation methods
Hamming Loss is a label-wise decomposable function counting the fraction of labels that were misclassified. ⊗ is the logical exclusive or.
Accuracy score and subset 0/1 loss are instance-wise measures that count the fraction of input observations that have been classified exactly the same as in the golden truth.
Jaccard similarity is a measure of the size of similarity between the prediction and the ground truth comparing what is the cardinality of an intersection of the two, compared to the union of the two. In other words what fraction of all labels taken into account by any of the prediction or ground truth were assigned to the observation in both of the cases.
Label-based evaluation methods
The F1 measure is a harmonic mean of precision and recall where none of the two are more preferred than the other. Precision is the measure of how much the method is immune to the Type I error i.e. falsely classifying negative cases as positives: false positives or FP. It is the fraction of correctly positively classified cases (i.e. true positives) to all positively classified cases. It can be interpreted as the probability that an object without a given label will not be labeled as having it. Recall is the measure of how much the method is immune to the Type II error i.e. falsely classifying positive cases as negatives: false negatives or FN. It is the fraction of correctly positively classified cases (i.e. true positives) to all positively classified label. It can be interpreted as the probability that an object with a given label will be labeled as such.
These measures can be averaged from two perspectives that are not equivalent in practice due to a natural non-uniformity of distribution of labels among input objects in any testing set. Two averaging techniques are well-established as noted by [34] .
Micro-averaging gives equal weight to every input object and performs a global agregation of true/false positives/negatives, averaging over all objects first. Thus:
In macro-averaging the measure is first calculated per label, then averaged over the number of labels. Macro averaging thus gives equal weight to each label, regardless of how often the label appears.
Results and Discussion
We describe performance per measure first and then look at how methods behave across measures. We evaluate each of the research hypotheses: RH1-RH4 for each of the measures. We then look how these methods performed across data sets. We compare the median and the mean of achieved probabilities to assess average advantage over randomness, the higher the better. We compare the median and the means, as in some cases methods admit a single worst-performing outlier while in general providing large advantage over random approaches. We also check how each method's perform in the worst case i.e. what is the minimum probability of it being better than randomness in label space division? When it comes to ranking of how well methods performed in micro averaged F1, fast gredy and walktrap approaches used on weighted label co-occurence graph performed best, followed by BR, leading eigenvector and unweighted walktrap / modularity-maximizations methods. Also weighted label propagation and infomap were statistically significantly better than the average random performance. We confirm RH1.
In terms of micro-averaged F1 weighted fast greedy approach has both the highest mean (86%) and median (92%) likelihood of scoring better than random baseline. Binary Relevance and weighted variants of walktrap, leading eigenvector also performed well with a mean likelihood of 83-85% and a lower, but still satisfactory median of 85-88%. We confirm RH2.
Modularity-based approaches also turn out to be most resilient. The weighted variant of walktrap was the most resilient with a 69.5% likelihood in the worst case, followed closely by a weighted fast greedy approach with 67% and unweighted walktrap with 66.7%. We note that, apart from a single outlying data sets, all methods (apart from Label Powerset) had better than 50% likelihood of performing better than RAkELd.Binary Relevance worst case likelihood was exactly 0.5. We this confirm both RH3 and RH4.
Fast greedy and walktrap weighted approaches yielded the best advantage over RAkELd both in average and worst cases. Binary Relevance also provided a strong overhead against random label space division, while achieving just 0.5 in the worst case scenario. Thus, when it comes to micro-averaged F1 scores RAkELd random approaches to label space partitions should be dropped in favor of weighted fast greedy and walktrap methods or Binary Relevance. All of these methods are also statistically significantly better than the average random baseline. We therefore confirm RH1, RH2, RH3, RH4 for micro-averaged F1 scores. We also note that RAkELd was better than Label Powerset on micro-averaged F1 in 57% of cases in the worst case while Tsoumakas et. al.'s original paper [3] provides argumentation of micro-F1 improvements over LP yielded by RAkELd , using SVMs. We note that our observation is not contrary -LP failed to produce significantly different results than the averange random baseline in our setting. Instead our results are complementary, as we use a different classifier but the intuition can be used to comment on Tsoumakas et. al.'s results. While in some cases RAkELd provides an improvement over LP in F1 score, on average the probability of drawing a random subspace better is only 30%. We still note that it is much better to use one of the recommended community detection based approaches instead of a method based on a priori assumptions. All methods, apart from unweighted label propagation and infomap, performed significantly better than the average random baseline. The highest ranks were achieved by weighted fast greedy, Binary Relevance and unweighted fast greedy. We confirm RH1.
Fast gredy and walktrap approaches used on weighted label co-occurence graph were most likely to perform better than RAkELd samples, followed by BR, leading eigenvector and unweighted walktrap / modularity-maximizations methods. Also weighted label propagation and infomap were statistically significantly better than the average random performance.
Binary Relevance, weighted fast greedy were the two approaches that surpassed the 90% likelihood of being better than random label space divisions in both median (98.5% and 97% respectively) and mean (92% and 90%) cases. Weighted walktrap and leading eigenvector followed closely with both the median and the mean likelihood of 87-89%. We confirm thus reject RH2 as Binary Relevance achieved greater likelihoods than the best data-driven approach.
When it comes to resilience -all modularity (apart from unweighted fast greedy) methods, achieve the same high worst-case 70% probability of performing better than RAkELd.Binary Relevance underperformed in worst-case with being better exactly in 50% of the cases. All methods on all data sets, apart from outlier case of infomap's and label propagation's performance on the scene data set, are likely to yield a better macro-averaged F1 score than the random approaches. We confirm RH3 and RH4.
We recommend using Binary Relevance or weighted fast greedy approaches when generalizing to achieve best macro-averaged F1 score, as they are both significantly better than average random performance, more likely to perform better than RAkELd samplings and this likelihood is high even in the worst case. Thus for macro-averaged F1 we confirm hypotheses RH1, RH3, RH4. Binary Relevance had a slightly better likelihood of beating RAkELd than data-driven approaches and thus we reject RH2. Figure 5 . Statistical evaluation of method's performance in terms of Jaccard Similarity score. Graybaseline, white -statistically identical to baseline, otherwise, the p-value of hypothesis that a method performs better than the baseline.
All methods apart from weighted leading eigenvector modularity maximization approach were statistically significantly better than the average random baseline.
Label propagation, infomap, Label Powerset, weighted infomap, label propagation and walktrap are the methods that performed statistically significantly better than average random baseline, ordered by ranks. We confirm RH1.
Also unweighted infomap and label propagation are the most likely to yield results of higher subset accuracy than random label space divisions, both regarding the median (96%) and the mean (90-91%) likelihood. Label Powerset follows with a 95.8% median and 89% mean. Weighted versions of infomap and label powerset are fourth and fifth with 5-6 percentage points less. We confirm RH2.
Concerning resiliency of the advantage, only infomap versions proved to be better than RAkELd in more than half of the times -the unweighted version in 58% of cases, the weighted one in 52%. All other methods were below the 50% threshold in the worst case, with Label Powerset and label propagation likelihood of 33% for both variants. If one or two most wrong outliers were to be discarded, all methods are more than 50% likely to be better than random label space partitioning. We confirm RH3 and RH4. We thus recommend using unweighted infomap as the data-driven alternative to RAkELd , as it is both significantly better than the random baseline, very likely to perform batter than RAkELd and most resilient among evaluated methods in the worst case. We confirm RH1, RH2, RH3 and RH4 for subset accuracy. All methods apart from weighted leading eigenvector modularity maximization approach were statistically significantly better than the average random baseline. Unweighted label propagation, Label Powerset and infomap were the highest ranked method. We confirm RH1.
Jaccard score is similar to Subset Accuracy in rewarding exact label set matches. In effect, it is not surprising to see that unweighted infomap and label propagation are the most likely than RAkELd to yield a result of higher Jaccard both in terms of median (94.5% and 92.9% respectively) and mean likelihoods (88.9% and 87.9% resp.). Out of the two, infomap provides the most resilient advantage with a 65% probability of performing better than random approaches in the worst case. Label propagation is in worst cases only 34-35% likely to be better than random space partitions.
We recommend using unweighted infomap approach over RAkELd when Jaccard similarity is of importance and confirm RH1, RH2, RH3 and RH4 for this measure. Hamming Loss is certainly a fascinating case in our experiments. As the measure is evaluated per each label separately, we can expect it to be the most stable over different label space partitions.
The first surprise comes with Friedman-Iman-Davenport test result, where the test practically fails to find a difference in performance between random approaches and data-driven methods, yielding a p-value of 0.049. While the p-value is lower than α = 0.05, but the difference cannot be taken as significant given the characteristics of the test. Lack of significance is confirmed by pairwise tests against random baseline (all hypotheses of difference are strongly rejected). We reject RH1.
Weighted fast greedy was the only approach to be more likely to yield a lower Hamming Loss than RAkELd on average, both in median and mean (55%) likelihoods. The unweighted version was better than slightly over 50% more cases than RAkELd , with a median likelihood of 46%. Binary Relevance and Label Powerset achieved likelihoods lower by close to 10 percentage points. We thus confirm RH2.
When it comes to worst-case observations Binary Relevance, Label Powerset and infomap in both variants were never better than RAkELd.The methods with the most resilient advantage in likelihood (9%) in the worst case were weighted versions of fastgreedy and walktrap. We confirm RH3 and reject RH4.
We conclude that fast greedy approach can be recommended over RAkELd , as even given such large standard deviation of likelihoods it still yields lower Hamming Loss than random label space divisions on more than half of the data sets. Yet we reject RH1, RH2 and RH4 for Hamming Loss. We confirm RH3 as a priori methods do not provide better performance than RAkELd in the worst case. 
Conclusions
We have compared seven approaches as an alternative to random label space partition. RAkELd served as the random baseline for which we have drawn at most 250 distinct label space partitions for at most ten different values of the parameter k of label subset sizes. Out of the seven methods, five inferred the label space partitioning from training data in the data sets, while the two others were based on a priori assumption on how to divide the label space. We evaluated these methods on 12 well-established benchmark data sets.
We conclude that in four of five measures: micro-/macro-averaged F1 score, Subset Accuracy, and Jaccard similarity all of our proposed methods were more likely to yield better scores than RAkELd apart from single outlying data sets, a data-driven approach was better than average random baseline with statistical significance at α = .05. Data-driven approach was also better than RAkELd in worst case scenarios. Thus hypotheses RH1, RH3 and RH4 has been successfully confirmed with these measures
When it comes to research hypotheses number two (RH2), we've confirmed that with micro-averaged F1, subset accuracy, hamming loss, and jaccard similarity, the data-driven approaches have a higher likelihood of outperforming RAkELd than a priori methods do. The only exception to this is the case of macro averaged F1 where Binary Relevance was most likely to beat random approaches, while followed closely by a data-driven approach -weighted fast greedy.
Hamming Loss forms a separate case for discussion, as this measures is most unrelated to label groups -it is calculated per label only. With this measure most data-driven methods performed much worse than in other methods. Our study failed to observer a statistical difference between data-driven methods and the random baseline, thus we reject hypothesis RH1. For best performing data-driven methods worst-case likelihood of yielding a lower hamming loss than RAkELd was close to 10% which is far from a resilient score, thus we also reject RH4. We confirm RH2 and RH3 as there existed a data-driven approach that performed better than a priori approaches.
All in all, statistical significance of a data-driven approach performing better than the averaged random baseline (RH1) has been confirmed for all measures except Hamming Loss. We have confirmed that data-driven approach was more likely than Binary Relevance/Label Powerset to perform better than RAkELd (RH2) in all measures apart from macro-averaged F1 score, where it followed the best Binary Relevance close. Data-driven were always more likely to outperform RAkELd in the worst case than Binary Relevance/Label Powerset, confirming RH3 for all measures. Finally for all measures apart from Hamming Loss data-driven approaches were more likely to outperform RAkELd in the worst case, than otherwise. RH4 is thus confirmed for all measures except Hamming Loss.
In case of measures that are label-decomposable the fast greedy community detection approach computed on a weighted label co-occurence graph yielded best results among data driven perspectives and is the recommended choice for F1 measures and Hamming Loss. When the measure is instance-decomposable and not label-decomposable, such as Subset Accuracy or Jaccard Similarity, the infomap algorithm should be used on an unweighted label co-occurence graph.
We conclude that community detection methods offer a viable alternative to both random and a priori assumption-based label space partitioning approches. We summarize our findings in the Table  6 , answering the question in the title of how data driven approach to label space partitioning is likely to perform better than random choice. Author Contributions: Piotr Szymański wrote the experimental code and wrote most of the paper. Tomasz Kajdanowicz helped design experiments, supported interpreting the results, supervised the work, wrote parts of the paper and corrected and proofread the paper.
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